The five components of health-related fitness are cardiorespiratory endurance, muscular strength, muscular endurance, body composition, and flexibility. To assess an individual on all five components can be time consuming. Thus, it would be useful to fitness specialists if a simpler and valid fitness assessment was available to measure overall health-related fitness. The purpose of this study was to employ honest assessment predictive modeling to find a parsimonious set of variables that can predict overall health-related fitness. Methods: Data used for this study came from college students who completed a fitness test battery. An overall health-related fitness score (T-score) was constructed using maximal oxygen consumption (VO2, ml/kg/min), 1RM bench press (BP, lb), maximal push-up repetition (PU, #), and percent body fat (PBF, %). The set of possible predictor variables consisted of participant age (yr), sex (male/female), body mass index (BMI, kg/m 2 ), waist circumference (WC, cm), 1RM leg press (LP, lb), countermovement vertical jump (VJ, in), flexed arm hang (FAH, sec), physical activity rating (PAR, 0 thru 10), and sit-and-reach (SNR, cm). The honest assessment predictive modeling procedure comprised three steps: 1) development of competing models using a TRAINING dataset, 2) selecting an optimal model using a separate VALIDATION dataset, and 3) assessing fitness score construct validity using a final SCORING dataset. Results: Stepwise model selection with Schwarz Bayesian criterion (SBC) on the TRAINING data resulted in five possible models including sex, VJ, PAR, and WC. Results on the VALIDATION data indicated a three-variable model had the lowest average squared error (ASE) and consisted of sex, VJ, and PAR (F=107.8, p<.001, R 2 =.82, SEE=3.09). Finally, predicted values from the SCORING data showed that athletes (Mean=54.9, SD=5.1) had a significantly (p<.001) greater mean fitness score than non-athletes (Mean=39.8, SD=4.8). Conclusion: This study presents a valid equation that can simply predict overall health-related fitness in college students.
Introduction
The five components of health-related fitness are cardiorespiratory endurance, muscular strength, muscular endurance, body composition, and flexibility [1] . These fitness components are considered health-related because of their strong ties to health outcomes, such as coronary heart disease [2, 3, 4, 5, 6] , cancer [7, 8, 9] , stroke [10] , and all-cause mortality [11, 12, 13] . Despite the strong connections between health-related fitness and health, many adults remain unfit [14, 15, 16] . One potential reason preventing adults from meeting higher levels of fitness, is the difficulty involved in baseline and follow-up fitness assessment. For example, a common assessment for cardiorespiratory endurance in adults is the one-mile walk test [17] . This test, typically considered a relatively simple field test to administer, requires the participant to walk at a maximal speed for a one-mile distance while recording their exercise heart rate before crossing the one-mile mark. For the average adult, these steps may be too difficult to follow which could then hinder the assessment process.
Several professional organizations exist which certify fitness professionals and focus specifically on the technical aspects of assessment and evaluation [18] .Many of these certifying bodies require specific degrees and/or coursework as a prerequisite before qualifying to take such certification exams [19] . This type of specialized training is not practical for the average adult interested in assessing their own fitness status. Furthermore, seeking the help from a fitness professional to gain an assessment requires motivation and often resources. On top of these barriers, obtaining a complete health-related fitness profile requires the administration of several different timeconsuming tests [20] . Therefore, a need exists for a simpler approach to overall health-related fitness assessment. Thus, the purpose of this study was to build a valid equation that can easily predict overall health-related fitness. Specifically, this study employed honest assessment predictive modeling to find a parsimonious set of variables that can predict overall health-related fitness.
Methods

Participants and Design
The current study used two independent cross-sectional sets of data. The first dataset contained fitness test battery scores from N=95 college students attending a rural public university. The second dataset was developed after the main analysis of the current study was complete and consisted of a smaller set of fitness tests from N=24 college students attending the same university. Students were included in this study if they completed all pertinent fitness assessments. College students were recruited by public flyers and word-of-mouth. The university system's institutional review board (IRB) approved all study methods and procedures.
Variables Utilized
The dependent variable in this study was a constructed score representing overall health-related fitness that used participant maximal oxygen consumption (VO2), 1RM bench press (BP), maximal push-up repetition (PU), and percent body fat (PBF). The independent variables were age (yr), sex (male/female), body mass index (BMI), waist circumference (WC), 1RM leg press (LP), countermovement vertical jump (VJ), flexed arm hang (FAH), physical activity rating (PAR), and sit-and-reach (SNR).
Assessment of Fitness Tests
A total of three body composition measures were collected. PBF (%) was assessed using the sum of three skinfold sites for males (chest, abdomen, thigh) and females (triceps, suprailiac, thigh) and density with body fat percentage equations [21] . BMI (kg/m 2 ) was assessed using a wall mounted stadiometer and digital floor scale [22] . WC (cm) was assessed using an elastic tape and measuring the narrowest point between the participant's umbilicus and xiphoid process [23] . Three muscular strength measures were collected. BP (lb) and LP (lb) were assessed by the heaviest load successfully lifted according to ACSM guidelines [24] . VJ (inches) was assessed by marking a solid wall with chalked fingers [25] . VJ scores were computed as the differences between participant jump height and reach. Two muscular endurance measures were collected. Using ACSM guidelines, PU was assessed where the total number of push-up repetitions completed with proper form was the participant's score [23] . FAH (sec) was assessed by participants hanging from a pull-up bar where the total time the participant kept their chin above the bar with an underhand grip was their score [26] .
Two cardiorespiratory measures were collected. Maximal VO2 (ml/kg/min) was assessed by a 20-meter run test cued by audio beeps [27] . The VO2 test was stopped when the participant failed to reach a 20-meter mark before the ending beep twice in a row. PAR (0 thru 10) was assessed by a single response to a physical activity scenario describing the participant's overall level of activity [28] . PAR responses ranged from 0 (avoid walking or exertion) to 10 (run over 25 miles per week or equivalent). SNR was assessed using a standard trunk flexion box [29] .
Assessment of Overall Health-related Fitness
Four different fitness scores representing four fitness components were used to compute the overall healthrelated fitness score. There were three reasons driving the decision to leave out a measure of flexibility from the overall fitness score. One, the inter-item test correlations for the study SNR variable across all other study variables were generally weak and non-significant for both males and females (see Table 2 ). Two, prior research does not support flexibility as a predictor of health outcomes like it does the other four components of health-related fitness [30, 31] . And three, anecdotal evidence suggests that flexibility is not a trait necessarily possessed by individuals who are fit and not necessarily absent from those who are unfit. Consequently, the overall healthrelated fitness score was built with measures of cardiorespiratory endurance, muscular strength, muscular endurance, and body composition. The selection of test variables as outcome or predictor was based on including the more established test scores for the constructed outcome variable and leaving the fitness scores that were easier to administer as predictor variables. The constructed health-related fitness score was developed by taking the average of the four selected fitness tests after converting them to sex-specific T-scores [32] . Body composition T-scores were reversed coded so large T-scores represented greater (better) health-related fitness.
Statistical Analyses
Data analysis for this study began by first screening all relevant variables for outliers and removing observations with incomplete data. After data were cleaned, a total of N=95 observations were included in the main analysis. After the main analysis was complete, follow-up data were collected on N=24 participants specifically aimed at validating the fitness scores from the newly developed prediction equation. With exception of Table 6 , all reported results were from the main dataset. Descriptive statistics with independent t-tests were computed for all study variables by sex. Bivariate Pearson correlation coefficients with Student's t-tests were computed to examine the inter-relationships across study variables by sex. For an alternative model building approach, an all subsets multiple regression analysis was run using the coefficient of determination (R 2 ) as criteria. The honest assessment predictive modeling procedure was run in three stages. First, using PROC GLMSELECT, the main dataset was randomly split into TRAINING (N=75) and VALIDATION (N=20) sets. During this stage, a stepwise model selection option was used on the TRAINING data using Schwarz Bayesian criterion (SBC) as the stopping criterion. The SBC has the following formula n*log(SSE/n)+p*log(n), where lower values indicate less unexplained model variance (error) with fewer predictors. Second, using the set of competing models from the first step, an optimal model was selected using the VALIDATION dataset and average squared error (ASE) as criterion. ASE is the sum of squared differences between the observed value and predicted value divided by the number of cases, where lower values are optimal. Third, using the best fitting model resulting from the VALIDATION data and the follow-up SCORING dataset, scores were computed and compared between groups of known trait differences as a means to validate the new overall health-related fitness scores. Model post-fitting was performed and reported, including checks on linear regression assumptions, influential observations, and multicollinearity. All analyses were performed using SAS version 9.4 [33, 34] . All p-values were reported as 2-sided and statistical significance was defined as p-values < 0.05. Table 1 contains descriptive statistics of all study variables for the combined N=95 sample by sex. Significant (ps<.05) sex differences were seen for all study variables, except age (p=.142) and PU (p=.070). Table 2 contains bivariate correlation coefficients among study variables for both males (lower portion) and females (upper portion). Most notable, SNR was significantly (ps<.05) related to only PU, FAH, and PAR among males and only BP among females. Additionally, SNR correlations were all weak (rs<.40). Table 3 contains descriptive results from a traditional all subsets model selection procedure using R 2 criteria. The table shows an apparent trend of top performing models excluding the variables age and BMI. Table 4 contains results from the honest assessment on TRAINING and VALIDATION datasets. Stepwise model selection on the TRAINING data resulted in five possible models, where a model including only sex, VJ, and PAR was indicated by an optimal SBC value (SBC=182.62). Results on the VALIDATION data indicated the same three variable model had the lowest ASE (see Figure 1) . Table 5 contains the coefficients for the best fitting and validated three variable model predicting overall health-related fitness. All model coefficients were significant (ps<.05) and the overall model explained a large percentage of variance in health-related fitness scores (F=107.8, p<.001, R 2 =.82, SEE=3.09). Table 6 contains construct validity evidence for the newly predicted overall health-related fitness scores using the SCORING data. Specifically, this table displays mean fitness scores from the new prediction equation on two groups that theoretically have different levels of fitness. Results showed that athletes (Mean=54.9, SD=5.1) had a significantly (p<.001) greater mean fitness score than non-athletes (Mean=39.8, SD=4.8). Therefore, these results indicate that the new fitness score can discriminate between two groups with known differences in health-related fitness. Note. VJ is vertical jump. PBF is percent body fat. BMI is body mass index. WC is waist circumference. BP is bench press. LP is leg press. PU is push-up. FAH is flexed arm hang. VO2 is oxygen consumption. PAR is physical activity rating. SNR is sit-and-reach. Significant (ps<.05) mean sex differences were seen on all variables, except Age (p=.142) and PU (p=.070). Note. Outcome variable was overall fitness score (mean T-score) constructed from VO2, BP, PU, and PBF. Bold values are optimal. # indicates number of parameters in model. SBC is Schwarz Bayesian criterion. SBC (n*log(SSE/n)+p*log(n)) is criterion used by the stepwise procedure on training data. A lower SBC is optimal. ASE is average squared error (sum of squared differences between the observed value and predicted value divided by number of cases) based on training data. A lower ASE is optimal. ASE' is on validation data and used to select the final model.
Results
Note. Steps 1 thru 4 variables were added (+).
Step 5 WC was removed (-) due to drop in validation ASE. Note. Mean fitness scores (T-scores) were significantly (p<.001) different.
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Note. Plots of fitness score by VJ (left) and PAR (right) confirm that the linearity assumption is met for males (above) and females (bottom). Data in graphs are from the training dataset. Model post-fitting was conducted to ensure the quality of the selected prediction equation. Specifically, quantitative predictors were found to satisfy the assumption of linearity (see Figure 1) . Additionally, residuals were found to be approximately normal with mean of zero and constant variance (see Figure 3) 
Discussion
The purpose of this study was to build a valid equation that can easily predict overall health-related fitness using honest assessment predictive modeling. Results from the assessment proved successful in that a parsimonious model was identified using a training dataset and then validated using a hold-out dataset. The independent variables in the final model predicting overall healthrelated fitness were VJ, sex, and PAR. Additionally, the final three-predictor model explained a large percentage of variance in overall health-related fitness. Moreover, these predictors are easily measured by participants. For example, a VJ test can be administered using any wall with high ceilings, chalk for participant fingers, and a tape measure. More simply, sex and PAR can be assessed easily by asking two questions. Therefore, the modeling process to find a simpler set of variables that can predict overall health-related fitness was effective. These findings are consistent with a recent study that showed VJ scores were related to other health-related fitness scores from a fitness test battery [35] .
A secondary objective of this study was to provide construct validity evidence for the new overall healthrelated fitness score. This objective was assessed by using the new prediction equation to create fitness scores from individuals in a follow-up dataset and comparing the scores between athletes and non-athletes. Results from this part of the study was also successful since athletes in the sample had a significantly greater health-related fitness score than the non-athletes. This evidence suggests that the new fitness score is sensitive enough to detect fitness differences between two groups of individuals that theoretically possess different fitness levels.
To date, the evidence supporting parsimonious healthrelated fitness prediction equations is sparse. There are, however, published studies that have built prediction equations for specific fitness components. For example, one such study developed a set of regression equations capable of predicting maximal oxygen consumption in men using only non-exercise variables such as age, BMI, smoking status, resting heart rate, physical activity, and race [36] . A similar study on adults built a non-exercise equation predicting maximal oxygen consumption using only sex, age, BMI, perceived functional ability, and a rating of physical activity [37] . Finally, a study more similar to the current research, built valid equations predicting peak power and mean power using only sex, body mass and a participant estimate of relative jumping ability [38] . Although these studies sought to build parsimonious prediction equations using variables that were easy to assess, their equations were only predicting a specific fitness component. Therefore, the results from this study are novel.
The strengths of this study are worth mentioning. As previously stated, a major strength in this study was its use of several different fitness tests in building the complete prediction equation. Specifically, the computed outcome variable contained relative values of cardiorespiratory endurance, muscular strength, muscular endurance, and body composition and therefore represented an overall health-related fitness construct. A second strength of this study was its use of the honest assessment procedures. The use of honest assessment ensured that the final model was valid based on statistical criteria applied to an independent hold-out sample. Furthermore, the addition of the construct validity portion of the study provided another source of evidence supporting the legitimacy of the prediction equation.
The limitations in this study should be mentioned. The most important limitation to discuss regarding these findings is the generalizability of the final prediction equation. That is, the final model resulting from this research was developed using college students attending a smaller rural public university. Therefore, as in any regression equation scenario, the final model in this study should not necessarily be used on individuals outside the population from which it was built [39] . A second limitation regarding the findings from this study is the use of field test scores for constructing the outcome variable in the model. Although laboratory tests may have added a greater degree of control over the assessment procedures, the tests used to compute the outcome variable in this study are considered criterion field tests [40, 41, 42, 43] .
Conclusions
This study presents a valid equation that can simply predict overall health-related fitness in college students. The novel aspect of the prediction equation is the simplicity of its inputs which include a VJ score, sex, and an answer to a single PAR question. Fitness professionals should consider promoting VJ testing as a simple correlate to overall health-related fitness.
